A novel method for segmentation of cardiac structures in temporal echocardiographic sequences based on the snake model is presented. The method is motivated by the observation that the structures of neighboring frames have consistent locations and shapes that aid in segmentation. To cooperate with the constraining information provided by the neighboring frames, we combine the template matching with the conventional snake model. Furthermore, in order to auto or semi-automatically segment the sequent images without manually drawing the initial contours in each image, generalized Hough transformation (GHT) is used to roughly estimate the initial contour by transforming the neighboring prior shape. As a result, the active contour can easily detect the desirable boundaries in ultrasound images.
Introduction
Endocardial boundary detection in ultrasound images is a necessary step to obtain both qualitative measurements (i.e., the detection of pathological deformation) and quantitative measurements (i.e., area, volume and etc.). Unfortunately, this is a difficult task due to the poor spatial and contrast resolutions, a high level of speckle noise and etc. To over come these problems, various algorithms are proposed to extract the boundaries of the region of interest (ROI) in echocardiographic images [1] . These approaches can be mainly categorized based on Markov random field [2] , artificial neural network [3] , mathematical morphological [4] and deformable model [5] , etc. In these schemes, the deformable model [6] , which is also known as the snake model, is the most important and popular model for noisy and low contrast image segmentation. In this paper, the main reason for using the snake model is that it allows the incorporation of geometric constraints.
However, the conventional deformable models have some deficiencies for boundary detection in ultrasound images. Firstly, the initial contour generally has to be placed quite close to the desirable boundary. Second, when the snake model is used to track the object in an image sequence by using the final contour from the previous frame as the initial contour in the current frame, the tracking works well only for small frame-to-frame displacement of ROI. Otherwise, the derived contour may be easily trapped in a local minimum formed by the noise. To remedy this problem, many techniques were proposed, for example, gradient vector flow (GVF) [7] , dual snake [8] and discrete snake [9] . In this paper, it is noticed that the boundaries of any two adjacent images in a sequence are correlated to a certain degree. The result found in one image can be used as the shape template for the adjacent one. Thus, the only one rough shape template in a sequence needs to be given manually at the first step. For large frame-to-frame displacement of ROI, such as the mitral valve, GHT [10] is utilized to transform the shape template to an initial contour in the ROI. It has been proven that GHT is able to detect any arbitrary shape undergoing a geometric transformation in an image. Moreover, it has shown to be robust and can even be successfully used to detect overlapping or semi-occluded objects in noisy images.
Our method is based on the template matching which incorporates the prior shape template from the adjacent frame into the snake model. Optimizing the deformation energy between the shape template and the active contour, the shape of the active contour is constrained to be similar to the template in global while still allowing slight deformation locally. Under this energy criterion, the contour can escape from the local minimum caused by the speckle, the tissue-related textures.
Methods
Let Ω be a bounded open subset of 
be a parameterized contour with s the parameter of length. The shape-based snake model is to minimize the following energy: 
is the external energy that attracts of the active contour evolving to the boundary of object. In this paper, it is calculated from the texture information instead of the local gradient in the ultrasound image. Furthermore, a blurring Gaussian filter is applied for better result. However, the blurred texture feature probably loses some object boundary information. Hence, the original image feature is also used to retain the boundary information. Let 
is the energy to measure the similarity between the active contour and the shape template. In this paper, our method has been inspired by the approach due to Duncan [11] , who proposed a scheme for matching two contours based on the minimization of a quadratic fitting criterion, which consists of a curvature dependent bending energy term and a smoothness term. Duncan [11] introduces a local bending energy measure of the form:
We also wish the displacement vector field to vary smoothly along the active contour:
So the criterion is composed of the curvature constraint and the smooth constraint:
Initialization of the Active Contour
The shape template must be approximated as a vector containing a sequential discrete points in order to solve by numerical method, ] , , , [
The same method is used for the
Before processing the boundary detection by the snake, an initial contour must be draw. The purpose of the initialization is to place the initial contour as close as possible to the boundary in ROI in order to obtain a fast convergence in the boundary detection. In this paper, the GHT is applied to solve this problem. Let us define a geometric transformation of the shape template by: (8) where A and t correspond to a linear transformation and to a translation vector respectively. The potential location of the position parameters t for the potential parameters A of the linear transformation can be expressed as ( )
This method traces an initial contour in the parameter space, and after gathering all evidences for all ROI pixels, the maximum of the accumulator array defines the best values * A and * t which correspond to the transformation that maps the shape template to the echocardiographic image. The GHT can deliver a reliable estimation of the ROI position or a coarse initial contour.
Experiments and Results
In this section, several examples are presented to illustrate the efficiency of the shapebased snake model for boundary detection in echocardiographic sequences. Six sequent ultrasound images with size 180 180× pixels were obtained from the Philip 5500 system, each covering one complete cardiac cycle and containing 16 = F frames. The algorithm has been implemented using an Intel Pentium IV 2.4Ghz with 1 GB RAM, under the Visual C++ 6.0 environment.
To assess the performance of our segmentation method, we compared automatically detected cardio structure boundaries with the manual outlines. In this paper, four sets of manual outlines are given for each of the sequences.
Two sets of parameters are employed: the mean, the standard deviation (SD), and the maximum of the minimal distances from the derived boundary points to the manual outline. They are used to measure the difference between the derived contour and the outline in one frame of a sequence. 
We need another set of parameters to evaluate the segmentation results for the whole sequence, so the mean and the SD of the mean absolute distance (MAD) are defined as follow:
A and B is defined as:
, where S is all the MADs need to be calculated for a sequence. Fig.1 (c) . Fig.1 (b) presents the initial contour, which has been transformed by GHT. In the Fig.1 (d) , we can see that the segmentation result rather coincides with the contour manually defined by an independent doctor in Fig.1 (e) when using GHT to locate the initial contour. On the other hand, we can see that the shape-based snake model treats well when there is a gap in the tip of the leaflet under the shape constraint. It may be reasonable to say that the segmentation result closely follows the desired boundary. Nevertheless, the algorithm fails when using the initial contour in Fig.1 (c) although the same energy weighting factors (
Process of Segmentation
GHT is not needed in all situations such as the small frame-to-frame displacement of the structure. Fig.3 (e) shows the segmentation result for the left ventricle with the initial contour direct from the previous image is identical to that using GHT to locate the initial contour ( Fig.3 (d) ). The evaluated parameters of the segmentation results are shown in Table 1 . Both the mean and the SD of the minimal distances are near to each other.
Segmentation of Endocaridal Boundaries in Sequences
In four sequences, the algorithm was used to segment the endocaridal boundaries. Some frames from the first sequence are shown in Fig.3 . Table 2 shows the mean and the SD of the MADs for the whole sequence between the algorithm-generated contours and the four sets of manual outlines and between different manual outlines. These experiments show that the segmentation results compare well to the manual outlines for the endocaridal boundaries. 
Segmentation of Mitral Valve Sequences
The algorithm performance was evaluated on two sequences of long axis view images of the mitral valve. Characteristic frames from the first sequence are shown in Fig.4 . As one could expect, the differences of ROI between any two adjacent frames are larger, but the algorithm performance is still comparable to the manual segmentations. Table 3 shows the evaluated results for mitral valve sequences. In this Table, we can see that the mean and the SD are larger than those in Table 2 . It may be ascribed to at least two factors. The first one is that the manual outlines may vary with experts. The second factor is that the contours in the mitral valve images are open. The starting points and the ending points defined by the experts may vary largely. As a result, the MAD between the open contours may be larger than that between closed contours.
Determination of Weighting Factors
In our experiments, the weighting factors η β α , , are set in Table 4 . The motion of the mitral valve is very irregular, frame-to-frame displacements are several times larger than the leaflet thickness. At those phases, the leaflet rotates, translates and deforms at the same time. As a result, the difference of shape between two adjacent images may be large. GHT algorithms are known to be computationally expensive (about 6 min for a sequence in our experiments) and they are not needed in all situations. So, in our method, the GHT was separated from the snake deformation process. A user can intervene when or where GHT to be used. However, these algorithms do not need user's supervision during the segmentation process. The user's interaction was needed in just one frame for a sequence.
Conclusions
In this paper, an innovative model has been proposed for echocardiographic image segmentation, namely, the shape-based snake model. The proposed shape-based model aims to incorporate the template matching and the GHT with the snake model. The model can resist the speckle noise, tissue-related textures and artefacts, and guide the active contour deform to the desirable boundary. The principal idea of this model is to use GHT to estimate the initial contour, and then using the elastic deformation energy between the shape template and the active contour to guide the contour deform from the local minimum. Our method does not need to draw a precise shape template, but rather a rough contour regardless of its position, scaling and rotation only once in a sequence.
